1 0 except for CRISPR-perturbed GABPA, IRF1 and YY1 after inclusion of DHS information 2 8 1 (Additional file 5).
8 2
On the CRISPR-generated knockdown data, after eliminating TFBSs in inaccessible 2 8 3 promoter intervals, i.e. those excluded from tissue-specific DHSs, the DT classifier predicted TF 2 8 4 targets with greater sensitivity and specificity (Table 3) . Specifically, predictions for TFs: EGR1, 2 8 5 ELK1, ELF1, ETS1, GABPA, and IRF1 were more accurate than for YY1, which itself represses 2 8 6
or activates a wide range of promoters by binding to sites overlapping the TSS (Table 3) .
8 7
Accordingly, the perturbation data indicated that YY1 has ~4-22 times more PC targets in the 2 8 8 K562 cell line than the other TFs (ε = 1.05), and its binding has a more significant impact on the 2 8 9 expression levels of target genes (for YY1, the ratio of the PC target counts at ε = 1.1 vs ε = 2 9 0 1.01 was 0.334, which significantly exceeded those of the other TFs (0.017-0.082); Additional 2 9 1 file 3). This is concordant with our previous finding that YY1 extensively interacts with 11 2 9 2 cofactors (e.g. DNA-binding IRF9 and TEAD2; non-DNA-binding DDX20 and PYGO2) in K562 2 9 3 cells, consistent with a central role in specifying erythroid-specific lineage development [ 3 ] .
9 4
Despite a high accuracy of target recognition, sensitivity did not exceed specificity except for 2 9 5 IRF1 (Table 3) , due to a relatively large number of false negative genes. Promoters of most TF 2 9 6 targets contain accessible, functional binding sites that significantly change gene expression 2 9 7 levels upon binding. By contrast, promoters of non-targets contain either no accessible binding 2 9 8 sites at all, or accessible, but non-functional sites. The fact that these false negatives were 2 9 9 erroneously predicted to non-targets was attributable to the indistinguishability between 3 0 0 functional binding sites in their promoters and non-functional ones in non-targets in the classifier. 3 0 1
In vivo co-regulation mediated by interacting cofactors, which was excluded by the classifier, 3 0 2 assisted in distinguishing these non-functional sites that do not significantly affect gene With the siRNA-generated knockdown data, the performance of the DT classifier was 3 1 4 compared to the approach inferring DE targets by correlating TF binding with gene expression 3 1 5 levels across ten cell types [ 1 4 ] . In this correlation-based approach, three measures (i.e. the 3 1 6 absolute Pearson correlation coefficient (PCC), the absolute Spearman correlation coefficient 3 1 7 (SCC), and the absolute combined angle ratio statistic (CARS)), whose performance was 3 1 8 evaluated with precision-recall curves, were alternatively used to compute a correlation score 3 1 9 between the number of ChIP-seq peaks overlapping the promoter and gene expression values. 3 2 0 Genes predicted to be DE targets had scores above the threshold resulting in a 1.5-fold 3 2 1 increase compared to the background precision (i.e. the DE target count / 8,872). For example, 3 2 2 in the case of YY1, which was the only TF analyzed by both approaches, the performance of the 3 2 3 DT classifier was 0.98 (precision) and 0.55 (recall) after including DHS information (Table 4) .
2 4
This classifier outperformed all three correlation measures (PCC: 0.467 and 0.003; SCC: 0.467 3 2 5 and 0.006; CARS: 0.467 and 0.003 directly obtained from [14] ), even though the correlation-3 2 6 based approach used a less stringent P-value threshold (0.05) for defining differential 3 2 7 expression of likely non-direct targets, and intersected ChIP-seq peaks over shorter 5kb 3 2 8 promoter intervals upstream of the TSS. Three reasons explain why the correlation-based 3 2 9 approach exhibited lower recall, including that 1) it did not use machine learning classifiers, 2) 3 3 0 its larger P-value threshold (0.05) generated a larger number of positives and 3) its positives 3 3 1 also include DE targets that cannot be directly bound. 3 3 2
Intersection of genes with similar expression profiles and TF targets 3 3 3
To determine how many TF targets have similar tissue-wide expression profiles, we 3 3 4 intersected the set of targets with the set of 500 PC genes with the most similar expression 3 3 5 profiles for each TF ( Mutation analyses on promoters of direct targets 3 6 7
Because the promoters of most direct targets contain multiple binding site clusters, we 3 6 8 anticipate that this enables these genes' expression to be naturally robust against binding site 3 6 9 rs865922947, rs946037930, rs917218063 and rs928017336 of YY1) ( In this study, the Bray-Curtis similarity function was initially shown (for the NR3C1 gene) to 4 1 5 measure the relatedness of overall expression patterns between genes across a diverse set of 4 1 6 tissues. The resulting machine learning framework distinguished Bray-Curtis function-defined 4 1 7 similar from dissimilar genes based on the distribution, strengths and compositions of TFBS 4 1 8 clusters in accessible promoters, which can substantially account for the corresponding gene 4 1 9 expression patterns. Using knockdown data as the gold standard, the combinatorial use of TF 4 2 0 binding profiles and chromatin accessibility was also demonstrated to be predictive of TF targets. 4 2 1
A binding site comparison confirmed that coregulatory cofactors can be used to responsible for 4 2 2 distinguishing between functional sites in targets and non-functional ones in non-targets.
2 3
Furthermore, mutation analyses on binding sites of targets demonstrated that the existence of 4 2 4 both multiple TFBSs in a cluster and multiple information-dense clusters in a promoter enables 4 2 5 both the cluster and the promoter to be resilient to binding site mutations.
2 6
The DT classifier improved after intersecting promoters with DHSs in prediction of TF targets 4 2 7
with the CRISPR-generated knockdown data (Table 3 ). This intersection eliminated noisy 4 2 8 Apart from these TFs, the Bray-Curtis Similarity can be directly applied to identify the ground-4 5 2 truth genes with overall similar tissue-wide expression patterns to any other gene whose 4 5 3 expression profile is known. Further studies could investigate the biological significance 4 5 4 underlying the phenomenon that all these genes share a common expression pattern, including 4 5 5 the similarity between other regulatory regions besides proximal promoters in terms of TFBSs 4 5 6 and epigenetic markers. This machine learning framework can also be applied to predict target 4 5 7 genes for other TFs and in other cell lines, depending on the availability of corresponding 4 5 8 knockdown data. 4 5 9
There are a number of limitations of our approach. The Bray-Curtis function seems unable to 4 6 0 accurately measure the similarity between the expression profiles of a gene (e.g. MIR23A) 4 6 1 without any detectable mRNA in any of the 53 tissues analyzed and genes (e.g. the ubiquitously 4 6 2 expressed NR3C1 and stomach-specific PGA3) that are expressed in at least one tissue.
6 3
Intuitively, in terms of expression patterns PGA3 is more similar to MIR23A than NR3C1; 4 6 4 however, the Bray-Curtis similarity values indicate that both PGA3 and NR3C1 bear no similarity 4 6 5 profiles, and the intersection of these 500 genes and target genes of the TF 5 2 4 Availability of data and materials 5 3 7
The median RPKM, TSS coordinate, DNase I hypersensitivity and ChIP-seq data are 5 3 8 respectively available from the GTEx Analysis V6p release (www.gtexportal.org), Ensembl 5 3 9
Biomart (www.ensembl.org) and ENCODE (www.encodeproject.org). The CRISPR-and siRNA-5 4 0 generated knockdown data are available from the supplementary information files of Dixit et al.
4 1
[15] and Cusanovich et al. [13] . The code implementing this machine learning framework and 5 4 2 the datasets generated and/or analysed by this framework are available in Zenodo 5 4 3 (https://doi.org/10.5281/zenodo.1249635). All other data generated or analysed during this 5 4 4 study are included in this published article and its supplementary information files.
4 5
Competing interests 5 4 6 the three genes across the 53 tissues resemble each other (e.g. all three genes exhibit the 6 8 1 highest expression levels in lymphocytes and the lowest levels in brain tissues). 6 8 2 Tree classifier exhibited the largest AUC under both scenarios, and inclusion of DHS 6 8 7 information significantly improved other classifiers' AUC except for Naïve Bayes. 6 8 8 
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